Metabolomics is a systems biology discipline wherein abundances of endogenous metabolites from biological samples are identified and quantitatively measured across a large range of metabolites and/or a large number of samples. Since all developmental, physiological and 'response to the environment' phenotypes have at least one metabolic component phenotype, metabolomics offers the opportunity to mechanistically dissect how metabolic processes participate in determining these complex phenotypes. Plants produce an amazingly diverse array of primary and specialized metabolites (>200000 kingdom-wide), many of which are integral for our food, feed, fibre and fuel industries. Thus, applications of metabolomics in plant genetics and breeding efforts offer efficient and effective solutions to challenges in our agricultural systems. This review briefly describes new advances in the metabolomic platforms and analysis methods that have been developed for both targeted and non-targeted metabolite profiling in plants. Special sections describing the application of these technologies are then provided for several relevant topics, including advances in plant quantitative genetics research, improved prediction of hybrid crop performance, mitigation of losses due to environmental stress, development of metabolic biomarkers for economically important traits, establishment of substantial equivalence between transgenic and conventional germplasm and biofortification for nutritional enhancement of our food supply. Future applications of metabolomics, particularly as a component discipline of phenomics, are also discussed. 
less important than primary metabolites [1] [2] [3] . In fact, it has been conservatively estimated that across characterized taxa, plants produce more than 200 000 specialized metabolites out of up to one million metabolites in total [4, 5] . Three major classes of specialized plant metabolites encompass >50 000 compounds, including the terpenoids (>25 000 compounds), alkaloids (~21 000) and phenolics (~10 000) [1] . These specialized metabolites can lead to specific plant phenotypes, can have protective properties against both biotic and abiotic stresses, and recently have been identified as important biomarkers for early prediction of desired crop phenotypes. Moreover, many of these metabolites determine the colour, aroma and taste of fruits and vegetables [6] .
In the past 20 years, advances in genomic analyses, highthroughput methods and next generation sequencing applications have had significant impacts on plant breeding efforts, particularly in the dissection and understanding of the molecular basis of complex traits [7] . Additionally, modern plant breeding methods often integrate phenotyping of traits of interest with various marker-assisted selection techniques to achieve particular trait outcomes in an efficient manner with respect to both time and resources [8] . While genetic markers are integral in current breeding efforts, they have limitations for treating complexities arising from highly polygenic inheritance, environmental plasticity (genotypeÂenvironment interactions), and genomic context variability (epistasis) [9] . The incorporation of metabolomics (i.e. the structured analysis of metabolites within a biological sample), provides a myriad of opportunities to help unravel these complexities of genotype-phenotype relationships, and provides a genotype-metabolite-phenotype level of understanding [10] . Significantly, the inclusion of metabolite-based biomarkers allows for predicting phenotype independent of available genomic information and environmental variation. Metabolite biomarkers (Figure 1 ) can enable the development of targeted diagnostic assays for breeding programmes and can guide investigation of the biochemical mechanisms that determine the trait phenotype. For these reasons, plant metabolites -often specialized metabolites -are being increasingly utilized as biomarkers for the prediction of phenotypic properties even before these phenotypes are expressed, making metabolite-based markers valuable tools for fundamental and applied research, and breeding efforts for a variety of annual crop plants (e.g. corn, soybean, tomato, wheat, barley).
In this review, we briefly describe metabolomic platforms and analysis methods that have been developed for both targeted and non-targeted metabolite profiling in plants, noting that these methodologies have been recently reviewed in detail [11] [12] [13] [14] [15] [16] . The primary focus of this review is to address the most recent integrations of metabolomics and metabolite biomarkers into current plant genetics research and plant breeding efforts. Herein, we will provide examples of metabolome characterization that have revealed significant diversity in metabolism within plant species and discuss how this diversity can be harnessed for applied breeding and improvements in plant/crop nutrition, crop yield, plant protection from environmental stresses and in detailed analyses of transgenics crops.
A Brief Overview of Methodologies in Metabolomics
In recent years, the field of plant metabolomics has experienced numerous technical advances that have collectively increased the throughput of metabolite analyses, the ability to evaluate an increased number of known and unknown metabolites in a single analysis (in some cases >200 metabolites), and have allowed for the imaging of metabolites in intact plant organs, providing spatial resolution to metabolite profiles [17, 18] . However, technical hurdles still hamper the ability to obtain a comprehensive profile of a plant's entire metabolome in a single analysis [15, 19] (Table 1) . Prior to initiating a metabolomics investigation, many factors feed into the experimental design (technical and biological replicates, choice of instrumentation, cost, etc.) that impact downstream statistical analysis outcomes [24] . Notably, each metabolomics platform requires analytic data processing to reduce the impact of inaccuracies such as peak retention time shifts and mass drifts, thus posing challenges to throughput even when quantifying only known metabolites. When the metabolites of interest are not known at the outset, separate challenges arise. While untargeted metabolomics platforms offer comprehensive profiling of disparate metabolite classes, many detected metabolites are either only putatively identified or not identified due to their absence in public mass spectral libraries [25] or a lack of authentic standards for comparison. Instead, identification is limited to putative annotation based on accurate metabolite mass measurements [26] . Thus, the large number of unidentifiable metabolites presents a significant bottleneck in metabolomics studies [27, 28] and in inferring the significance of genotype-metabolite-phenotype associations, impeding the use of some metabolites as biomarkers in plant breeding and genetics efforts. Toward this end, technologies continue to be integrated or refined for better resolution and/or annotation [15, 29] . In addition, researchers continue to identify specific metabolites and add these to mass spectral databases. For example, a number of flavonoids and alkaloids have been recently identified in rice by combining LC-MS-MS and NMR technologies [30] . In soybean, direct infusion Orbitrap-MS and GC-MS platforms have been used to generate an extensive standardized metabolite library comprising 1339 metabolites [31] . Within this study, Aliferis and colleagues have introduced a high-throughput metabolomics and bioinformatics protocol that addresses the increasing demand for the standardization of data from large-scale metabolomics studies to facilitate meta-analyses across experiments. In combination, such advancements assist in metabolite identification and metabolic network elucidation in various crop systems.
There are numerous computational and statistical tools that have been developed for rigorous treatment of largescale metabolomic datasets. Public repositories are now available for deposition of metabolomics metadata and datasets [32, 33] . Numerous curated database tools exist for metabolic pathway mapping: KEGG Pathways [34] ; AraCyc [35, 36] and BioPathAtMAPS [37] for Arabidopsisspecific pathway mapping, and MaizeCyc [38] for corn. At Plant Metabolic Network (http://www.plantcyc.org/), similar databases are available for 20 additional plant species. Importantly, databases and tools are now available that allow for the systems-level evaluation and visualization of metabolomics data with corresponding 'omics' datasets (e.g. transcriptome, proteome, interactome, ionome). For example, the PlantSEED resource [39] provides systems analysis of reference genomes of more than ten plant species with corresponding metabolic pathway information for metabolic modelling and other systems analyses. MeRy-B is a public database that houses [1] H-NMR metabolomic profiles from 19 plant species, and allows for comparison of metabolite composition and accumulation across different plant tissues or conditions as well as among species [40] . The Plant/Eukaryotic and Microbial Systems Resource (PMR) provides a public database for the deposition of metabolomic datasets (PMR currently houses >100 experiments from 20 plant species) and also provides statistical analysis tools for systems-evaluation of companion metabolite and transcriptome data [33] . Similarly, VANTED is an expanding resource that provides tools for data integration, analyses of multiple data types, network construction, statistical analysis tools as well as data visualization capabilities, which remain a challenge in the metabolomics field [41, 42] .
Increasing Focus on Metabolism and Metabolomics in Plant Genetics
In both model and crop-based plant systems, there is growing interest in dissecting the genetic control of metabolic phenotypes, particularly as a means to mechanistically understand genotype-phenotype relationships for more complex developmental, physiological and environmental response traits. This sharp rise in usage of metabolomic approaches results from methodological advances as well as from the increase in interdisciplinary approaches used to address systems-scale questions.
Especially for the high throughput applications required by quantitative genetic approaches, automation and the resultant reductions in cost per sample have been instrumental to adoption of the metabolomics technologies. In addition, untargeted metabolomic techniques allowing for broad classes of metabolites to be measured represent a key advancement, with improvements in quantification accuracy and sensitivity also contributing substantially. Using fine-scale, repeatable, high-throughput metabolomic methods for phenotypic data collection in quantitative genetic studies represents an obvious technological progression for characterizing the contributions of natural genetic variation. Indeed, combining the power of genetic segregation with the scope and scale of genomic datasets began more than 20 years ago, and is broadly termed 'genetical genomics' [43] .
As high throughput collection of transcriptomic, metabolomic and proteomic data became possible, researchers quickly began to utilize these technologies in eQTL, metabolic quantitative trait locus (mQTL) and pQTL incarnations of Quantitative Trait Locus mapping, respectively permitting genetic analysis of variation in mRNA expression, metabolic and protein phenotypes [44] [45] [46] [47] . Genetical genomics in all of its forms leverages close linkages between the genotypic action of a polymorphism and the phenotypic consequence as measured for a molecular trait (e.g. a metabolic trait). This often results in more molecular trait variation being directly explained by genetic effects as compared with a case involving a morphological trait [48] . As a result, mQTLs typically localize to narrower genomic intervals than QTLs associated with morphological variation. A final result of the close linkage between genetic variation and its effects on molecular traits is that fewer genetic polymorphisms are involved in controlling a simple molecular trait as compared with a complex morphological trait. This point is well illustrated by an analysis of 14 metabolite traits and 27 morphological traits using a set of nearly 5000 maize lines and almost 30 million SNPs; on average, fewer than 10 mQTLs were detected for each of the metabolic traits, compared with an average of nearly 30 QTLs per morphological trait [49] . Although this result is not surprising, very few studies offer this much power to make fair comparisons between outcomes of these disparate classes of phenotypic traits. mQTL mapping studies in plants have been conducted since the mid-1990s, beginning with investigations that focused on a small number of well-studied metabolites. These early studies were conducted primarily using biparental populations of recombinant inbred lines (RILs) in a variety of crop plants, including oilseed rape [45, 50] , maize [51] , potato [52] , sugar beet [53] , tomato [54] and Arabidopsis [55, 56] . Collectively, these small-scale studies demonstrated the value of the approach and the promise of enlarging it in scale and scope. Indeed, there are several examples of initial low-resolution work on just a few metabolites that led to positional cloning of genes by leveraging gains in both marker density and population design. Useful maize alleles of acyl-CoA:diacylglycerol acyltransferase1 (DGAT1) [57, 58] and beta-carotene hydroxylase1 (CRTRB1) [59, 60] , enzymes involved in seed oil and carotenoid biosynthesis respectively, were discovered in this way. Additional studies in maize that leverage the high genetic resolution of intermated B73ÂMo17 mapping populations [61, 62] have laid similar foundations. These populations have been deeply genotyped [63] and are polymorphic for more than 1.2 million SNPs, facilitating positional cloning approaches [64, 65] . Investigations using these lines have identified mQTL associated with corn leaf aphid resistance in maize [66] , kernel protein, oil and starch composition [67] , cell wall and lignin composition [68, 69] and surface lipid biosynthesis on maize silks [70] .
Beginning about 10 years ago, the first mQTL studies using more comprehensive approaches to metabolite profiling were published. Using 76 wildÂcultivated tomato introgression lines (ILs) profiled for 79 fruit metabolites and nine fruit morphological traits, 889 mQTLs and 326 agronomic trait QTLs were detected and shown to be co-located in most cases, emphasizing the value of using 'omics' traits to identify mechanistic underpinnings of complex traits [71] . A study of 759 metabolite signals in 85 rice ILs identified 802 mQTLs affecting primary and/or specialized metabolism that were unevenly distributed in the genome, prompting analysis of mQTL hotspots, or genetic loci that may each pleiotropically affect many metabolic traits [72] . In one case, evidence for coordinated control of several amino acids was observed. As more of the metabolite signals become definitively associated with actual metabolites, reanalysis of this dataset offers additional potential. Larger RIL and IL populations of Arabidopsis were used to dissect the underpinnings of six biomass QTLs by identifying mQTL for 85 metabolites derived from primary metabolism [73] . Even at the limited genetic resolution of these populations, two of the biomass QTLs overlapped with some of the 157 detected http://www.cabi.org/cabreviews mQTLs significantly more than expected by chance. Several candidate genes with either biosynthetic or regulatory functions affecting primary metabolism pathways (e.g. amino acid synthesis, sugar metabolism, etc.) exhibited nucleotide polymorphisms between the parents of the recombinant inbreds. Additionally, several of the metabolites were shown by this and a related study to be excellent biomarkers for plant biomass accumulation, demonstrating the value of research in modelplant systems for facilitation of crop improvement [73, 74] .
In recent years, experimental designs with unparalleled genetic detail and resolution have been successfully employed in conjunction with large-scale metabolomics approaches for identifying genetic variants that cause differences in metabolic traits. In tomato, genome-wide association (GWA) mapping of 19 fruit metabolic traits in a modest-sized panel of lines with 5995 SNPs identified 44 candidate SNPs, many of them in genes known or independently hypothesized to affect the traits [75] . In rice, 323 significant SNP-metabolite associations were discovered in a GWA study of 342 specialized metabolites across 175 diverse cv japonica lines using 3168 SNPs [76] . Only 143 SNPs and 89 metabolite traits were involved in these associations, indicating high levels of coordinate regulation. In maize, 289 lines were genotyped with 56 110 SNPs to permit GWA mapping of 118 metabolites extracted from seedling leaves [77] . Interestingly, only a handful of SNP-metabolite associations were found, and each explained on average 22% of the variance in metabolite abundance. The accuracy of the approach was again confirmed by known functions for several of the genes involved; for example, SNPs in cinnamoyl-CoA reductase were associated with both p-coumaric acid and caffeic acid levels. The improvements in explanatory power and the clear prioritization of candidate SNPs into a short list are apparent advantages of the GWA approach. However, the sampling depth per haplotype across the breadth of the germplasm limits searches for genetic interaction effects and precludes certain types of genetic and network analyses.
Several genetical genomic studies of metabolism have expanded and extended the approach to address specific genetic questions about the overall control of metabolism. For example, a recent genetic investigation of network determinants controlling primary metabolism and plant performance in maize identified stronger and more prevalent geneÂgene interactions than expected [78] . Working on fruit metabolism using pairs of tomato ILs and their testcross hybrids, dominant negative modes of allele action were revealed for mQTLs affecting a variety of compounds [79] . Also surprising, by conducting heritability studies on the metabolic traits, these authors showed that secondary metabolism was perturbed by environment to a lesser degree than primary metabolism [79] . Finally, combined use of metabolomic, transcriptomic and network analysis methods across both linkage and association populations to examine maize kernel metabolism resulted in direct identification of five causal SNPs underlying mQTLs, with two of these already confirmed via molecular genetic methods [80] .
Metabolites as Predictors of Hybrid Performance (Heterosis)
A major focus of plant breeding for the last century capitalizes on the phenomenon of heterosis (also termed hybrid vigour), which is the improved performance (e.g. yield) of hybrid progeny as compared with either homozygous parent [81] . Crops that strongly rely on hybrid breeding include maize [82, 83] , rye [84] , sugar beet [85] , rice [86] and oilseed rape [87] . Because our understanding of the molecular basis for heterosis remains limited and may differ across traits and hybrid combinations [88] , the identification of superior hybrids for traits of interest requires extensive testcrosses of different parental combinations. Recently, a metabolism-based model of multigenic heterosis has been proposed, in which it is hypothesized that hybrid progeny exhibit modified protein synthesis and protein metabolism, which results in increased energy efficiency within the seedling, and ultimately, superior phenotypic performance [89] . Heterosis studies in Arabidopsis have also recently addressed whether or not metabolite accumulation can be a predictor of heterotic responses. Indeed, several studies have shown that combinations of genetic and metabolic markers improve prediction power for heterotic traits in Arabidopsis [90-92]. As described above, a tight association was identified between accumulation patterns of a specific combination of primary metabolites and plant biomass, and several genetic loci appear to pleiotropically affect these traits [74] . In addition, a survey across a panel of diverse Arabidopsis accessions identified a negative correlation between starch accumulation and biomass, and data suggested that ecotypes that accumulate large amounts of biomass have a specific balance between carbon supply and growth, which is related to the efficiency of starch mobilization and utilization [93, 94] . Subsequent work exploring the relationship between hybrid progeny and parental genotypes has revealed that both metabolic composition and seedling biomass varies significantly in hybrid Arabidopsis seedlings as compared with parental inbreds. At 4 days after sowing, the difference was most apparent, with a large fraction of metabolites exhibiting heterotic accumulation patterns. This corresponds to the first observations of enhanced hybrid biomass and supports the hypothesis that during early development hybrid seedlings exhibit more active metabolism and consequently, faster growth [91] .
The association between heterosis and metabolism has also been probed in maize, with promising progress toward predicting hybrid performance from metabolite profiles of hybrids or even of their parental lines. Roots of hybrid maize seedlings exhibit unique metabolomes as compared with their parents, and significantly, hybrids exhibited reduced variance in primary metabolite accumulation. Moreover, by assessing biomass and metabolite data across all hybrids and parents that were tested, the authors were able to establish a negative correlation between biomass and deviations of metabolite levels from average metabolite levels in the hybrids as compared to the inbred parents [95] . Feher et al. extended this work in maize roots by applying a multivariate diallel modelling approach to successfully predict hybrid performance for biomass using metabolite accumulation data from the parents of each of the 12 hybrids [96] . In a set of 285 diverse inbred lines, GWA and metabolomic profiling revealed primary metabolites that could predict biomassrelated traits in specific hybrids [97] . Using the same set of inbred lines, Riedelsheimer et al. next focused on lipid metabolites using a combined lipidomics and GWAS approach and identified a total of 563 lipid species in maize leaves. In addition to identifying 174 genetic associations for 76 lipids, the authors also assessed general combining ability, which is the average performance of a trait for a specific inbred in each hybrid combination. Interestingly, Riedelsheimer et al. were able to use the accumulation patterns of specific leaf lipids to predict hybrid performance of several diverse traits, including flowering time, sugar content and fat content [98] . As suggested by the authors of these studies, this predictive approach potentially opens the door for larger studies in which parental and hybrid metabolite data can be utilized as a training set for large-scale prediction of heterotic traits (e.g. biomass), across a large set of hybrid combinations. Ultimately, such approaches could be applied to a host of heterotic traits that are correlated with metabolite accumulation.
These studies in Arabidopsis, corn and other plants establish a strong connection between heterosis and both primary and specialized metabolism. Importantly, these initial studies have identified metabolites or suites of metabolites that can act as biomarkers or predictors of hybrid performance and would therefore be useful in plant breeding applications and in the development of superior hybrids. Moreover, statistical modelling and computer learning approaches are now being devised that could harness the predictive power of these metabolites for traits of interest.
Metabolomics and Plant Genetics Approaches to Improve Plant Resistance to Environmental Stress
Systems biology approaches are increasingly used to monitor the regulation of plant metabolism and will undoubtedly provide valuable information for plant biotechnology and marker-assisted selection for protection against environmental stress [14, [99] [100] [101] [102] . Several metabolomics studies have recently targeted the identification of metabolites that are associated with enhanced tolerances to abiotic stresses including drought (water limitation), temperature and salinity. Correlations exist among specific metabolites and agronomic phenotypes in plants exposed to water-limited environments, which provide important metabolite-based biomarkers for drought tolerance as well as the potential for identification of genes involved in drought stress-response. For example, suites of specialized metabolites have recently been shown to be correlated with tolerance to water limitation [103] [104] [105] [106] [107] . Hill et al. [104] measured metabolic as well as agronomic traits across a doubled haploid bread wheat population derived from an F1 cross between a drought-sensitive and a drought-tolerant wheat cultivar and grown in a severe drought environment. In this study, mQTL for 38 primary metabolites were found to colocalize with QTL for agronomic traits, including leaf rolling and grain weight [104] . In a subsequent study utilizing the same mapping population, Hill et al. expanded upon this work by performing metabolomics analysis on specialized metabolites; from 558 metabolic features, 200 were putatively identified as alkaloids, flavonoids and phenylpropanoids [108] . An interesting aspect of this study was the integration of plant phenology into the analysis, which is the timing of specific developmental processes in plants (e.g. seedling emergence, tillering, flowering time, days to senescence). Through this work, the effects of five phenology-related loci were assessed relative to the agronomic and metabolic traits, and specific secondary metabolites were identified that are correlated with phenological traits or, more importantly for this work, agronomic traits impacted by water stress.
Significant work to understand correlations between metabolism and response to drought stress has also been performed in rice. In drought-tolerant transgenic rice harbouring a cytochrome P450 gene, metabolome profiling revealed increased accumulation of g -aminobutyric acid (GABA), fructose and glucose as well as decreased accumulation of glycerol and glycine in water-limited conditions as compared with non-transgenic rice [109] . In a separate metabolomics analysis of wildtype rice subjected to either mild or several drought stress, Chen et al.
[110] used a widely targeted metabolomics platform that simultaneously evaluated~300 metabolites within rice leaves, including phytohormones, amino acids, fatty acids and flavonoids. Findings in this study suggest that during drought stress there is coordinated regulation of abscisic acid, a hormone known to accumulate during drought stress, with flavonoids, serotonin and polyamine conjugates [110] .
Work in maize has targeted the impact of the environment on expression of metabolites and the usefulness of these metabolites as biomarkers for stress response. Field evaluations of 50 commercial maize hybrids conducted in six different locations demonstrated that metabolite accumulation patterns were often more highly http://www.cabi.org/cabreviews correlated with environmental conditions than with specific genotypes, with 50% of the surveyed 150-200 metabolites being impacted by environment and only 2% by genotype [111, 112] . Moreover, it was found that environment more drastically impacted metabolite levels in leaves as compared with grain. In a similar untargeted metabolomics study evaluating different tissues of commercial hybrids subjected to water stress within a controlled environment, numerous significant metabolic changes were observed in leaves (increased levels of specific amino acids and decreases in pyruvic acid) under water stress, as compared with other tissues (leaf sheaths, silks and husk leaves). Based on this work, maize tissues were identified that would have a better probability of yielding useful metabolite-based biomarkers for breeding for drought tolerance [113] .
In addition to identifying metabolome-specific resistance to abiotic stress, metabolomic approaches have proved useful in dissecting resistance to biotic stresses (e.g. insect herbivory, pathogens) [114] . For example, in maize, two QTL that confer resistance against corn leaf aphid are correlated with increased accumulation of the defensive benzoxazinoid compound, 2,4-dihydroxy-7-methoyx-1,4-benzoxazin-3-one (DIMBOA) [66] . In barley, innate resistance to the fungal pathogen Fusarium graminearum that is responsible for Fusarium head blight has been associated with the differential accumulation of almost 200 metabolites, 50 of which were defined molecularly and include fatty acid, terpenoid, flavonoid and phenylpropanoid compounds [115] . Similar non-targeted metabolomics studies have been conducted in wheat, and metabolite accumulation from comparable metabolite classes was correlated with resistance versus susceptibility to Fusarium head blight and the Fhb1 locus [116] . Metabolomic response to the soil-borne fungal pathogen Thizoctonia solani has been probed in soybean, revealing changes in both primary and specialized metabolism that occur within soybeans during infection, including major impacts on the biosynthesis of protective/defence metabolites such as glucosinolates, phenylpropanoids and isoflavonoids [31] . Isoflavones, which have dietary benefits in human nutrition, function as defence compounds in plants, and recently prenylation of isoflavonoid compounds has been shown to occur upon exposure to fungal elicitors [117] . Bacterial pathogens, such as Xanthomonas oryzae pv. Oryzae that causes bacterial blight in rice, have been shown to impact numerous secondary metabolism pathways. A comprehensive metabolomics analysis of rice varieties that were either susceptible or resistant to bacterial leaf blight revealed distinct metabolomes when challenged with X. oryzae [118] . Collectively, these studies explore global impacts on the metabolome upon encountering biotic stress, and provide extensive metabolic information for the potential development of useful biomarkers for plant breeding and for the better understanding of complex plant responses to environmental stress.
Even as we gain a better understanding of the complex metabolic responses to abiotic stress due to advances in systems biology approaches (including metabolomics), knowledge of these complex metabolic responses remains incomplete. A recent review of transcriptomic, proteomic and metabolomic responses to oxidative stress in rice highlights the complexity of stress-adaptation mechanisms, due to regulation at the enzyme and metabolite levels, but also due to organelle-specific processes and differing responses across plant development [119] . Due to these intricacies and in spite of recent progress in the application of 'omics' technologies, only portions of the genetic and metabolic networks associated with stress adaptation have been defined and finer systems' dissection of these processes are necessary to understand the entirety and complexity of both abiotic and biotic stress signalling and response networks.
Collectively, these studies in a broad range of crop systems provide important insights into the genotypemetabolite-phenotype relationship as it applies to both biotic and abiotic stress response. These studies also demonstrate that specific metabolites might serve as important biomarkers for the future identification of plant varieties that have enhanced tolerance to specific stresses.
Metabolites as Biomarkers for Evaluation of Transgenic Crops
Recently, metabolomic approaches have been increasingly applied to the evaluation of genetically modified (GM) crops that express transgenes for key agronomic traits, including insect resistance, herbicide tolerance, nutrient content and ripening time. Although GM crops can exhibit enhanced traits of interest, scientific and societal debate persists regarding the safety of these GMOs. Specific concerns exist regarding potential unintended genomic modifications and the corresponding unintended differences in phenotype that may impact food safety or the environment. Current risk assessment for these GM crops is based upon 'substantial equivalence' for targeted metabolites between the GM crop and its conventionally bred counterpart [120] . Substantial equivalence is now assessed via systems biology approaches and the application of numerous 'omics' technologies [121] , including metabolomics. Recent advances in both targeted and untargeted metabolomics platforms and multivariate statistical methodologies have allowed for assessment of a wider range of metabolites and a broader search-space for unintended chemotypic effects [122, 123] . Metabolomics-based platforms for evaluating substantial equivalence have already been applied to transgenic tomato [122, 124] , barley [125] , soybean [126] , maize [127] [128] [129] [130] and rice [131, 132] .
The application of metabolomics to determining substantial equivalence of transgenic products and to assessing environmental risk remains an evolving discipline [124, 133] . While advances in untargeted metabolomic platforms now allow for the identification of a large number of metabolites, the molecular structure of the metabolites often remains unclear or the bioactive role of the metabolite is unknown. Due to these uncertainties, it is often unclear whether changes in metabolite accumulation between transgenic and wildtype plants will have positive or adverse impacts on the plant, the environment or consumer nutrition. However, as metabolomics technologies and metabolite identification strategies improve, metabolomics platforms for testing substantial equivalence remain promising approaches.
Nutraceuticals, Biofortification and Metabolomics
As the limits of the food supply are tested with increasing global population size, plant breeding and agronomic efforts have been focused on the nutritional improvement of crops (i.e. biofortification) [135] [136] and the production of nutraceuticals, which are phytochemicals harvested from plants and that have nutritional benefits. Biofortification of many crops (maize, sorghum, tomato, etc.) is being attempted by both genetic engineering and conventional breeding approaches, and it provides a route for addressing micronutrient malnutrition [137] . In either approach, metabolomic methods are applied to assess nutritional quality of food crops and for the development of metabolite biomarkers for plant breeding for improved nutrition traits. Numerous specialized metabolites have nutritional relevance and are therefore targets for metabolic improvements.
Biofortification efforts have focused on micronutrients and also on enhancing content of antioxidants, such as carotenoids, phenolics and vitamins E and C [138, 139] . Isoflavones, especially in soybeans, offer another potential biofortification target [140] . A metabolic target for nutritional improvement are the pro-vitamin A carotenoids, such as b-carotene, that are synthesized in plants and can be converted to vitamin A upon digestion by humans. A premier example of biofortification was the genetic engineering of enhanced b-carotene production (1.6 ug/g) to produce 'Golden Rice', in which the carotene biosynthetic pathway was engineered in rice [141] . Golden Rice was further enhanced by introducing a different phytoene synthase gene and increasing b-carotene accumulation another ten-fold [142] . Combined quantitative genetic and metabolomic approaches have recently identified several QTLs associated with b-carotene accumulation and/or carotenoid composition in maize [143] , potato [144] , carrot [145] and tomato [146] , as well as candidate genes that could provide useful targets in carotenoid (e.g. b-carotene and lycopene) biofortification efforts.
Another biofortification target is the tocochromanol class of metabolites, including tocopherol and vitamin E, which are antioxidants important in human nutrition.
Work in maize has identified a few major and several minor mQTLs associated with tocopherol composition in maize grain, and has identified a causal polymorphism underlying a major mQTL in vte4, a gene that encodes a g -tocopherol methyltransferase [147, 148] . In a broader analysis of the genetic basis for tocochromanols, a GWA study was conducted in parallel with a targeted study of 60 candidate genes within this biosynthetic pathway, and identified three key genes, respectively, encoding tocopherol cyclase, homogentisate geranylgeranyltransferase and prephenate dehydratase [149] . Together, these studies have identified and characterized four genes that are integral within the tocochromanol pathway and that are possible gene-targets in breeding efforts for enhancing vitamin E levels in maize grain. In tomato, a set of 76 introgression lines of Solanum pennellii into domesticated tomato were extensively evaluated for metabolite composition using four platforms (NMR, HPLC-UV, direct-infusion MS and GC-MS), and identified~2000 metabolites. Significantly, numerous mQTLs were identified for carotenoids and tocopherols [150] .
Metabolomics of seed quality also focuses on oil composition and sink allocation among protein, oil and starch pools in seeds. Recent quantitative genetic and/or metabolomic approaches to understand seed quality traits have been applied in rice [151, 152] , maize [153] , soybean [154, 155] and oilseed rape [151, 156, 157] . Similarly, metabolomic approaches to assessing fruit quality in tomato have identified several metabolites that are correlated with important quality traits (e.g. fruit acidity, firmness, shelf life, colour) in a series of recombinant inbred lines derived from a cross of the domesticated Solanum lycopersicum with a wild variety, Solanum pimpinellifolium [158] . Collectively, biparental mapping and association mapping approaches combined with targeted and untargeted metabolomics methods are connecting metabolite abundances to variation in both genotype and phenotype, offering biomarker-assisted breeding for enhanced fruit and seed quality.
Conclusions and Future Prospects
The past 10 years have seen significant improvements in 'omics' technologies (transcriptomics, metabolomics, proteomics), quantitative genetic tools and the development of useful genetic populations for mapping of metabolic traits in important crop systems. As described herein, advanced metabolomics technologies have been utilized to survey broader arrays of metabolites (both targeted and untargeted approaches) in plant populations, which have led to the identification of suites of mQTL and metabolite biomarkers that have important implications in potential plant breeding efforts. While metabolomicsassisted breeding has great promise, such efforts have not yet been extensively reported. However, there are many tangible examples of how metabolomics-derived data http://www.cabi.org/cabreviews could be used for future metabolomics-assisted breeding efforts (Table 2) , making this an emerging and exciting new direction in plant breeding.
The next step, both in industrial and academic settings, is to apply new metabolic biomarkers toward breeding crops that have enhanced properties in the areas of protecting against environmental stresses, generating crops with enriched phytochemicals for applications in either biofortification or nutraceuticals, and also in increasing crop biomass or improving crop cell wall properties for biofuel and biochemical applications. The utility of metabolites as biomarkers in plant breeding approaches can be improved through advancements in 'next-generation' metabolomic technologies, such that a larger number of metabolites can be structurally identified and can be evaluated in single-pass, affordable, highthroughput assays.
The advanced field of plant metabolomics has the potential to be integrally important in the emerging discipline of phenomics, which integrates multiple scientific disciplines and is broadly focused on the systematic prediction of complex and interrelated phenotypes (the phenome) from global genomic information (genotype) [166] . However, predicting an organism's phenome, the full complement of phenotypes, from an organism's genome is inherently complicated by pleiotropic effects, environmental impacts, genotypeÂenvironment interactions and other factors. In fact, a symposium in 2015 titled 'The Challenge of Inference from Genome to Phenome' highlighted many challenges that may curtail accurate and straightforward predictions of an organism's global genotype to its collection of expressed phenotypes across development or across dynamic environments [167] . As demonstrated throughout this review, the metabolome often provides an important mechanistic understanding of how genotypes translate into visible phenotypes, which in the discipline of phenomics are being monitored by highthroughput engineering inventions (robotics, infrared technologies, sensors, etc.). It is important to recognize the importance of molecular phenotypes in understanding the genotype-phenotype relationship, and such 'omics' disciplines as proteomics, ionomics and particularly metabolomics, which can simultaneously monitor hundreds or more primary and specialized metabolic phenotypes, are now being recognized for their potential significance in phenomic studies of important crop plants [168, 169] . Thus, it is incumbent upon plant scientists to continue to extend and expand applications of metabolomics to meet the challenges posed to agriculture by our modern world.
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Biofortification by breeding for polyphenolic content Metabolomic assessment of polyphenolic/anthocyanin content in a breeding population identified potential ability to breed for specific phytochemical composition [161, 162] Rice (Oryza sativa) b-carotene production (Golden Rice) First generation 'Golden Rice' engineered to express phytoene synthase (psy1) yielded 1.6 mg/g total carotenoids; second generation engineered to express psy1 and carotene desaturase (crtI) showed 23-fold increase in carotenoid production [141, 142] Soybean (Glycine max)
Association of metabolome with yield potential Metabolomic and ionomic assessment of a 35 year breeding program identified specific metabolic biomarkers that correlated with yield improvements [163] Tomato (Solanum lycopersicum) Breeding for tomato flavour Metabolomic and quantitative genetic assessments of volatiles known to impact fruit flavour as well as taste preference [164, 165] 
